This paper investigates the presence of stock return anomalies for stocks listed on the Johannesburg Stock Exchange, covering the period from 1985 to 2010. Explanatory variables include market capitalization, book-to-market equity ratio, momentum in stock returns, net share issues, yield-to-book equity ratio, accrual of operational assets and growth in total assets. It is demonstrated that the sorted returns approach, compared to either correlation or regression analysis, provides much more detailed information regarding the relationships between explanatory variables and stock returns. We find that the anomalous behaviour of stocks on the JSE is in many respects similar to the behaviour observed by Fama and French on the NYSE, and that anomalous return behaviour is still present after compensating for risk. Different types of anomalous behaviour are present within different stock size categories. This study provides further evidence against accepting the EMH in its strong or semistrong form, as the information used is all publicly available.
INTRODUCTION *
The basis of finance theory was formulated by Sharpe (1964) and Lintner (1965) in the form of the Capital Asset Pricing Model (CAPM), followed up by the work of Fama (1970) to formulate the efficient market hypothesis (EMH). More recent studies by Banz (1981) , Fama and French (1992) and others provided evidence that was contrary to the EMH, demonstrating empirical relationships between risk-adjusted stock returns and a variety of fundamental parameters, including market capitalisation (MC) and book-tomarket equity ratio (B/M). In a study focussing on the mean-reversion phenomenon on the JSE Cubbins, Eidne, Firer and Gilbert (2006) demonstrate that for the period 1983 to 2005 stocks performing poorly over the previous 5 years on average outperform stocks that performed well over this period by 11,5% per annum during the subsequent 5 year period, providing further evidence against the EMH on the JSE. These contradictions of CAPM and the EMH eventually became known as so-called stock return anomalies, against the background of evidence that the returns on specific categories of stocks could not be explained by market risk (e.g. the stock's beta) alone. This has led to numerous studies, on the one hand to investigate the size of anomalous returns, and on the other hand to find an explanation for such returns, in most cases trying to link the explanatory variables to some proxy for risk (Fama and French, 1992; Chan, Hamao and Lakonishok, 1991 and many others) .
While these phenomena were widely studied on the larger financial markets (typically those of the USA, UK, Germany and Japan), comparatively less work was published about these aspects of the behaviour of * School of Electrical, Electronic and Computer Engineering, Northwest University, Potchefstroom Campus, Private Bag X6001, Potchefstroom 2520, Republic of South Africa. Email: alwyn.hoffman@nwu.ac.za financial markets in developing countries. This work reports on behaviour related to anomalous stock returns as observed on the Johannesburg Stock Exchange (JSE). A detailed overview is therefore provided in the literature review of historic evidence from this market relating to CAPM and the EHM and the existence of stock return behaviour that could be viewed as anomalous.
One difficulty that is encountered when trying to compare the often conflicting results from literature regarding market efficiency and anomalous returns is the lack of a uniform methodology used by different researchers to investigate the relationships that are potentially indicative of anomalous stock returns. Reviewing the above studies the approach that in the opinion of the author provides the most comprehensive quantified information on the presence of stock return anomalies is the methodology developed by Fama and French (2008 and earlier papers) , which is based on a combination of sorted stock returns and crosssectional regression studies. None of the above references reporting on stock behaviour on the JSE used this comprehensive methodology or an alternative approach that provides the same level of detailed feedback on the quantified observations regarding stock return behaviour that may be viewed as anomalous. It was hence decided to more or less follow the approach as developed by Fama and French, with the addition of a correlation analysis study that was found to provide additional insights when comparing our results with those from other studies.
In order to provide as comprehensive answers as possible to the above questions, the study covers the period 1985 -2010, including as far as possible all stocks that were listed on the JSE at the respective time. The selected period is the maximum time period for which complete pricing and fundamental accounting information could be obtained for the majority of JSE listed stocks from the source of share data that was used (McGregorBFA) .
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Against the above background this paper addresses the following questions:
 Can further evidence be generated against the acceptance of the Efficient Market Hypothesis, using a substantially larger data set than prior studies performed on the JSE, in the process disproving the null hypothesis that none of the explanatory variables investigated can be used to generate abnormal stock returns?
 Do stocks listed on the JSE display anomalous stock return behaviour similar to that observed by Fama and French (2008) for stocks listed on the NYSE when using data representing a sufficiently long time period to support such a comparison?
 Is the evidence produced by sorted returns, regression analysis and correlation analysis respectively in support of each other, or do these techniques generate conflicting evidence regarding stock return behaviour?
 Which of the three types of analysis provide the most complete and reliable evidence on anomalous stock returns? More specifically, does the sorted returns approach as developed by Fama and French (2008) provide substantial additional information regarding stock return behaviour compared to the more conventional correlation and regression analyses?
 With the exception of the size effect, the value effect and returns momentum none of the variables included in this study were studied in detail before on the JSE (to the best of our knowledge). Which of the explanatory variables included in this study can be proven to be associated with systematic anomalous stock return behaviour, in the process assisting on-going efforts to help explain observed stock return behaviour?
 Given that the size effect has long been recognised, are significant differences observed between different stock size categories regarding behaviour with respect to the other explanatory variables?
The outline of the rest of the paper is as follows: Section 2 provides a detailed literature review of historic studies performed on JSE data with respect to stock return anomalies; Section 3 describes the methodology followed for this work, including the definition of the considered set of explanatory variables and their statistical behaviour, as well as a description of the correlation, regression and sorted returns analyses that are applied to evaluate the ability of indicators to explain anomalous stock returns; Section 4 provides the empirical results obtained using these methods; and Section 5 provides a summary of the results and conclusions.
LITERATURE REVIEW
As indicated above most of the phenomena investigated in this paper have been widely researched on the larger financial markets. The focus of this study is to compare the behaviour of stock returns on the JSE with behaviours that were previously documented for other markets, more specifically the NYSE. This literature study therefore mostly focuses on research results previously reported for JSE listed stocks and on the relationship between stock returns and the set of explanatory variables considered in this paper. Plaistowe and Knight (1986) , using data for 35 firms covering the period [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] , found that firms with low book-to-market (B/M) values tend to under-perform the market on a risk-adjusted basis, using the Sharpe market model, while firms with high B/M tend to outperform the market. The work of Fraser and Page (2000) demonstrated that both B/M and stock return momentum independently have the ability to predict stock returns one month into the future to earn superior returns. Graham and Uliana (2001) found evidence of the value-growth phenomenon on the JSE, and more specifically that for the period 1992-1996 value stocks (with high B/M) outperform growth stocks (with low B/M). In contract to these results Robins, Sandler and Durand (1999) demonstrated that over the period November 1985 to November 1994 portfolios consisting either of stocks with below median market capitalisation or of stocks with above median B/M did achieve excess returns compared to the rest of the market, but that these excess returns were not statistically significant after compensating for risk, a result which is in support of the EMH.
Van Rensburg and Robertson (2003) found not only that small size earns a higher return on the JSE, but that firms with smaller size also has smaller beta compared to larger firms, and that the same is true for stocks with low price-to earnings ratios (P/E), evidence that is directly in contradiction of both the CAPM and EMH. Auret and Sinclaire (2006) found that B/M can be used to predict subsequent higher stock returns, and that B/M subsumes the effect of size and P/E. These results were largely confirmed by Basiewicz and Auret (2009) , who found that both the size and value effects persisted after providing for transaction costs. They however concluded that the value premium is lower than what earlier research on the JSE has shown, and that these differences may be explained by illiquidity and the absence of testing for transaction costs.
In a study that included a larger number of explanatory variables, covering the period 1977 to 1994, Klerck and Maritz (1997) investigated the application of Graham's stock selection criteria. They found that a number of fundamental parameters, including the P/E ratio, dividend yield, book-to-market equity, market capitalization versus net asset value, debt-versus-book equity, current ratio and earnings growth rate, provides risk adjusted returns higher than predicted by the CAPM. Bhana (2007) reported that stocks announcing the repurchasing of shares on average display positive returns around the repurchase announcement, and that this phenomenon is more significant for stocks repurchasing 10% of more of shares versus stocks that repurchases less than 2,5% of shares. Furthermore he found that smaller companies display a more significant positive reaction to share repurchases for the period 20 days before and after the repurchase announcement (almost 10% for the two smallest deciles) compared to larger companies (approximately 2,5% for the two largest deciles). This study examines the same phenomenon through the inclusion of the net shares issued (NS) explanatory variable; if the same behaviour is observed it could be expected that stock returns should be negatively correlated with NS (as negative NS implies the repurchasing of shares while positive NS describes the opposite behaviour from companies, i.e. issuing more shares). It will furthermore be interesting to note the significance of NS for the different stock size categories Big, Small and Micro in comparison with the results of Bhana (2007) .
In yet another study Bhana (2008) found that there is a positive market reaction to announcements of new capital expenditures, and that this effect was more pronounced for focussed firms compared to diversified firms. Our study investigates a similar effect by including asset growth into the list of explanatory variables. While the study of Bhana (2008) measured the effect that is observed in the period around the announcement date our study measures the longer term effect that is observed over the subsequent 12 month period. It would therefore be interesting to determine whether the immediate positive effect was followed by subsequent superior stock returns, whether the initial excess return fully reflected the positive impact of capital expenditure on future returns, or on the contrary if such announcements leading to asset growth possibly resulted in lower subsequent returns, indicating an initial overreaction from the market.
A related area for research addresses the type of techniques to use in order to model the relationships that may be uncovered between future stock returns and any number of explanatory variables. Within the South African context a relevant study was performed by Basiewicz and Auret (2010) , who replicated an earlier study by Fama and French (1993) . The latter authors developed a three factor model to explain stock returns in terms of the size effect, the value effect and a so-called market effect. Basiewicz and Auret (2010) found support for the ability of this three factor linear regression model to explain stock returns on the JSE, as the book-to-market value ratio could not explain the pricing errors of these models. The size effect however could not be completely extinguished from the pricing errors -this was attributed to market microstructure effects, a phenomenon that was previously identified by Acharya and Pederson (2005) and by Stoll and Whaley (1983) .
Our study will also investigate the value-growth phenomenon, as book-to-market is one of the explanatory variables included in our study. In contrast to the prior studies we include the complete set of listed shares (numbering about 376 by the end of 2010) and cover a much longer period (1985 to 2010); we would therefore expect to achieve results that are more representative of behaviour on the JSE as a whole.
RESEARCH METHODOLOGY
For the purpose of direct comparison this paper follows as far as practically possible the same methodology as that of Fama and French (2008) , including the use of cross-section regression analysis as well as the calculation of sorted returns for shares ranked in terms of the respective explanatory variables. In addition we also perform both time-series and cross-sectional correlation analyses in order to verify if consistent results are obtained regarding the relationships between stock returns and the set of explanatory variables. We apply a number of widely used risk measures to sorted stock returns in order to verify if the anomalous returns that are obtained can be explained in terms of the risk profiles of the respective stock categories. We extend the sorted returns analysis to different stock size categories to ascertain whether the set of explanatory variables retains their explanatory power within each of the respective size categories.
For each relationship that is investigated the null hypothesis is derived from the efficient market hypothesis, i.e. that there should be no systematic and statistically significant relationship between future returns and the historic value of any of the explanatory variables used, as the information used is publicly available. Any such relationship that is detected can therefore be viewed as an anomaly that provides evidence against the efficient market hypothesis; such evidence against EMH will be strengthened if an anomalous relationship can be confirmed using different techniques. In this paper we use three different techniques to achieve this objective: time series and cross-sectional correlations, cross-section regressions, and sorted returns.
It is recognised that several of the anomalies that are investigated in this study have been reliably identified before through prior studies as referred to in the literature review. The approach that we follow is hence not only to test for the validity of each respective null hypothesis, but more specifically to determine to what extent the relationships that are observed are aligned with those identified through previous research work.
Data used
While this study was mainly designed to allow direct comparison with the results of Fama and French (2008) , it will also be instructive to compare results where relevant with those of previous studies performed on the JSE. Several of those studies were limited to relatively short time periods, e.g. Plaistowe and Knight (1986) . By including these delisted shares the total number of shares considered in this study was hence increased from 376 (the number still listed by the end of the study period) to a total of 1 316, the majority of which were delisted prior to December 2010. Stocks that were delisted during this period were retained in the set for subsequent periods but the respective prices of the stocks were allocated zero values as from the time of delisting.
As this study aims to identify and analyse systematic relationships between stock returns and fundamental explanatory variables as observed over time, it was decided to also exclude those stocks that were listed for such a short period of time that no systematic behaviour could be observed during the period of listing. By using a minimum listing period of 24 months (in order to include at least 2 sets of financial results for each firm), as well as eliminating those stocks that never published any set of financial results, the total number of stocks considered was reduced from 1 316 to 1 023. This still represents a larger stock universe studied over a longer period of time compared to any previously published study of this nature for JSE stocks. Price data was extracted on a monthly basis to allow the calculation of monthly returns, as this was the time base used in all returns calculations. In addition the biannual dividend declarations and annual financial statements were extracted to allow the calculation of the list of explanatory variables as described in the next section. In the majority of cases the McGregorBFA data has been compensated for the effect of stock splits; dividend yield data was however used to verify if reported dividend data for each 12 month period could be reconciled with adjusted share pricing -in some cases dividend data had to be adjusted upwards or downwards by a factor as derived from share price and dividend yield figures.
More or less in line with the approach followed by Fama and French (FF) we create Micro, Small and Big stock categories by using the ranking of stocks in terms of market capitalization: Micro stocks are defined as those stocks making up the first 3% of total market capitalisation, Small stock are those stocks making up the next 10% with Big stocks making up the remaining 87% of overall market capitalisation. The regression and sorted returns analyses were repeated for each of these size categories to determine if the relationships between stock returns and the explanatory variables are consistent across size groups.
Defining the indicators
A primary focus of this paper is to determine if a list of explanatory variables that have been shown to be associated with anomalous returns on the NYSE possess similar abilities for stocks on the JSE. The same fundamental information regarding stock behaviour can be reflected by different combinations of related indicators, including P/E, B/M, Y/B and others. For the sake of direct comparison we decided to investigate the same set of variables used by FF in most of their reported research; of these variables six are strictly fundamental indicators while the seventh (Momentum of returns) can be viewed as a mixture of fundamental and technical indicators, as it is based on past pricing as well as historic dividends.
The list of parameters that were evaluated to determine their ability to predict anomalous future stock returns were hence as follows:
1. Market capitalization (MC), defined as the natural logarithm of the stock price multiplied by the current number of issued shares.
2. Book-to-market (B/M), defined as the ratio of the book value of equity per share to the market value of a share.
3. Net share issues (NS), defined as the logarithm of the ratio between the current number of shares issued by the company and the number of shares issued 12 months ago.
4. Yield-to-book (Y/B), defined as the earnings yield per share divided by the book value per share.
5. Accruals, defined as the proportional increase of operating assets over the past 12 months.
6. Change in Assets (dA/A), defined as the proportional increase in total assets over the past 12 months.
7. Momentum, defined as the return of the stock over the period from 12 months to 1 month prior to the current date, and expressed as a percentage.
Correlation analysis applied to explanatory variables
As a first step to unravel the relationships between our set of indicators and anomalous returns we calculate the linear correlations between each indicator and two versions of future stock returns: firstly the one month future returns Ret1_p1 and the twelve months future return Ret12_p12. Returns were calculated using the change in the baseline value of each stock, with the baseline value being the value referred to the initial date when the stock was first listed, and including the impact of dividend pay-outs. It was assumed that dividends are re-invested into the same share -the impact of this re-investment was calculated in terms of a dividend factor that will be one in months when no dividends are paid out but larger than one in months with pay-outs:
with Div i,j the dividend and Price i,j the price of share i for month j. The effective value of the share that is held including the positive impact of dividends is calculated as follows:
Finally the one month return of the i-th share realised by the end of month j+1 is calculated as the relative change in share baseline value during the respective period using the following formulae for the future returns:
whereas the 12 month return by the end of month j+12 is given by
It is important to differentiate between the two types of correlation that can be calculated. The time based correlation calculates the correlation between changes in stock return and changes in an explanatory variable over time. This calculation is repeated per stock and after each consecutive time period. In this case no additional time lags between variables were considered: at each point in time the historic value for the explanatory variable and the future value for return as from that period one month (or twelve months) into the future was used as input to the correlation calculation. To obtain a summary measure representative of the entire population at each time period the average of the time-based correlations was taken for all stocks. This calculation is repeated after each period once new data has been added to the available data set. This correlation parameter measures the ability of an explanatory variable to predict the future return for stocks; it however does not directly measure the extent to which differences in the value of the explanatory variable between stocks is correlated with differences in future returns.
The alternative correlation measure, which is generally called the cross-sectional correlation, does exactly that: it is calculated by correlating, for each time period, the stock return differences between different stocks with the differences in values of the explanatory variable over the same set of stocks. This crosssectional correlation is also calculated after each period and the average of all cross-sectional correlations is taken over the entire period for which data is available. As this correlation parameter directly measures the ability of an explanatory variable to predict differential future returns of the stocks, it could be expected that it would be a superior indicator based on which to select stocks that will on average outperform the market for the prediction period.
As is the case with most statistical modelling exercises, there is no guarantee that a relationship that exists over a specific period of time will persist during subsequent periods. For this reason the standard deviations of the correlation coefficients over time are also calculated for both correlation measures, to indicate how stable these measures are to detect relationships that can be exploited over extended time periods.
Performing cross-section regression analysis based on indicators
The extraction of a linear regression model would be the logical next step when trying to combine the predictive capabilities of the above set of indicators. Not only could the regression model potentially improve on the predictive abilities of any one indicator when used in isolation, but the sign and values of the regression coefficients, as well as the confidence levels by which these coefficients are extracted from the data set will provide a valuable indication of the strength and statistical significance of the relationships between indicator and future returns.
For this purpose a linear cross-section regression model was extracted that models 12 month future returns (i.e. the variable Ret12_p12 as defined above) in terms of the set of indicators that were available for each share at the end of the month before the start of this 12 month period. 12 month returns were preferred over 1 month returns, as the above correlation analysis indicated that more significant relationships exist between the set of indicators and this measure for future returns. This would furthermore allow direct comparison with the results of Fama and French (2008) , who also used 12 month returns for their crosssection regression analysis. The exercise was repeated after each month, starting the analysis at the point in time where there were at least 50 stocks listed on the JSE (in this case it was April 1988) and available in the data set, and repeating this exercise up to December 2010. In each case the value of the linear regression coefficients as well as the lower and upper confidence levels for these coefficients were extracted for the data set available at that point in time. By calculating the mean and standard deviation of the time series of regression coefficients that were extracted over the entire time period of 273 months it was also possible to calculate the t-statistics for each regression coefficient; this provided a more reliable indication of the statistical significance of the potential relationships that were uncovered.
An obvious question to address when performing a regression analysis is: which explanatory variables should be included in the regression model? The answer to this is not straightforward, as the presence of specific variables in the model will impact upon the regression coefficient obtained for other variables that are included. As the relationships of MC and B/M with future returns have already been well-established through earlier research, and as these were confirmed by the correlation analysis in the previous section, the issue is really whether to include MC and B/M into the regression model or not. On the one hand the presence of MC and B/M may obscure the relationship between future returns and a less dominant explanatory variable being investigated. On the other hand it will be useful to investigate the significance of the regression coefficient for a such a new variable in the presence of MC and B/M, as it will provide an indication of the marginal ability of such a variable to help explain future returns over and above the already known relationships with MC and B/M. Against this background it was decided to perform a dual cross-section regression analysis: for the first run both MC and B/M are included in the regression model and the resulting regression coefficients of the additional variables are interpreted as indicative of the marginal abilities of those variables to help explain future returns. The regression analysis was then repeated in the absence of MC and B/M, providing an indication of the independent ability of the additional variables to explain future returns.
Evaluating predictors based on sorted returns
While both the correlation and regression analyses could be expected to provide a good indication of the general relationships that exist between future returns and our set of indicators, neither of these techniques directly indicates which parameters will be the most effective to use when compiling portfolios that are expected to outperform the market. As discussed before, such a portfolio will tend to consist of shares that display extreme behaviour with respect to the indicators used for stock selection. Should the relationship between future returns and the respective indicator(s) be non-linear, the comparative ability of the indicators to identify an optimal set of stocks may not be exactly in line either with the linear correlations that are observed or with the results of a linear regression analysis.
Using the same approach as described in Fama and French (2008) , the ability of each of the identified indicators to explain cross-sectional differences in returns between different stocks is investigated as follows:
For each of the explanatory variables in succession all stocks are ranked based on the value of the respective parameter for each individual stock (e.g. the first sort is done based on MC for each stock; next a sort is done based on B/M, etc.). Once a ranking has been done, the stocks are divided into five sorted categories, each containing the same number of stocks, from the lowest to the highest values for the respective sorting parameter.
The aggregate 1 month return for the month following directly after the implementation of the sort is then calculated, using the 1 month returns of all stocks within each sorted category. This was repeated using both equally weighted as well as value weighted (i.e. based on market capitalization) formulae for aggregate returns:
where Ret(n) is the return of the n-th stock, MarketCap(n) is the market capitalization of the n-th stock at that point in time, and N is the total number of stocks in the portfolio under consideration.
This process is repeated after each month, in every case only using explanatory variable information that was already available before the start of the month.
The average returns of the sorted categories are calculated over the period up to that point in time:
∑ where M i is the number of months over which the average return is calculated, i cat is the i-th sorted category for which the return is calculated, and Ret(m i ) is either the equal weighted or the value weighted average return of all stocks falling into that category.
Subsequently the difference between returns of the lowest and highest sorted categories is determined:
In FF these are called the hedged portfolio returns, as a hedging strategy will typically involve going long in those stocks that are predicted to display the highest future returns and going short in the stocks expected to display the lowest future returns.
After completing the above exercise for all months included in the period under investigation the tstatistics of the sorted category portfolio returns are calculated. This will indicate if the returns of the sorted stock categories differ significantly from the return of the overall population of stocks. The formula used for the t-statistic is as follows:
√ where is the average return for the respective sorted category calculated over the entire time period, is the population average return over the same time period, is the standard deviation of the sorted category and N is the number of time periods over which the consecutive sorts were implemented, i.e. the sample size.
Given that the dependence of stock returns on MC and B/M has already been well established in earlier literature as described in section 1, and confirmed through the correlation and regression analyses of sections 3 and 4, it will be of interest to know if the other less studied explanatory variables have any marginal ability to predict stock returns, after removing the impact of MC and B/M. To investigate this aspect we once again follow the FF methodology: all stocks are divided into 25 sorted categories along two sorted dimensions, one for MC and one for B/M (in FF these are called 'matching portfolios'). Each stock hence falls within a category that it shares with other stocks that fall in the same category based on their MC and B/M values. The value weighted average return is calculated for each of the 25 matching portfolios and for each period, and this matching portfolio weighted average return is subtracted from the nominal return for each stock falling in that category, to produce a net return for each stock and for each period:
with Ret i,j and RetNet i,j the nominal and net return respectively of the i-th stock for the j-th period, and RetMP n,j the nominal ValW average return of the n-th matching portfolio to which the i-th stock belong during that period. The behaviour of the net returns for the explanatory variables other than MC and B/M will be compared with the behaviour observed for their nominal returns to determine if any relationship with future returns remains after compensating for the effect of MC and B/M.
To allow a comparison of the returns across the sorted categories on a risk-adjusted basis we also calculate the Sharpe and Treynor performance measures for each sorted category, using the following formulae for the i-th sorted category:
with AvRet i the average return, StdRet i the standard deviation of return and β i the market beta for the i-th category and Ret RF the risk free rate of return.
EMPIRICAL RESULTS
The results that were obtained were compared at three levels: firstly the results of the time-series correlations, cross-sectional correlations, regression analysis and sorted returns analysis are compared against each other to determine if the relationships that are identified using different techniques are consistent with each other. Secondly the results are compared with those of Fama and French (2008) to determine if stock behaviour on the JSE is similar to stock behaviour on the NYSE. Thirdly results are compared, as far as possible, with results previously obtained on the JSE through the studies referenced in the literature review.
Statistical behaviour of the explanatory variables
Before commencing with the evaluation of the explanatory ability of the above set of indicators, it would be interesting to review the statistical behaviour of the explanatory variables themselves. It is not deemed to be sufficient to only calculate the mean and standard deviation for each variable, as this may not be representative of the spread of behaviour that is observed across the total population of stocks. Against the background that stock selection strategies aimed at maximising returns often result in the selection of stocks with extreme behaviour in some respect, rather than stocks that represent average behaviour of the population, we rank the stocks in terms of their values for each of the above indicators, and then sort them into categories based on rank (in order to allow direct comparison with the results of FF we also use 5 sorted categories in each case).
The means per sorted category for each indicator are displayed in Table 1 . As it is known from previous studies that MC has a substantial impact on stock behaviour, these statistics were calculated for the market as a whole, as well as for Micro, Small and Big stocks separately.
When studying the statistical behaviour of the explanatory variables a few comments are in order given the subsequent analysis that will be performed to evaluate their ability to select stocks with abnormal return potential. The parameter statistics reflected in Table 1 are calculated on an equally weighted basis (i.e. each stock carries the same weight when contributing towards a statistical measure). As Micro stocks far outnumber both Small and Big stocks, their impact on the calculated statistics is highly emphasized.
Furthermore it can be seen that Micro stocks in general display more extreme behaviour compared to Small or Big stocks (e.g. comparing the average values of the two extreme categories for B/M and observing those values for Micro, Small and Big stocks -the former clearly displays much larger extremes than the latter two). This will have a dual impact when using sorted returns as basis for predicting abnormal stock returns: not only will Micro stocks tend to be overrepresented in the extreme sorted categories, but the values displayed by the Micro stocks in those categories will tend to be more extreme than the values of stocks from other size categories.
This does not however disqualify sorted returns as basis for evaluating the ability of these indicators to select abnormally performing stocks, as the exact same phenomena (over-representation of Micro stocks in some types of portfolios) will tend to occur when compiling portfolios aimed at maximising returns. The use of the sorted returns method will help to disclose to the prospective investor the extent to which a proposed strategy will be impacted by extreme stock behaviour, and more specifically the degree to which such a strategy will rely on Micro stocks to achieve its return objectives -an important consideration, given the limited degree to which large portfolios can invest into Micro stocks.
Correlation analysis applied to explanatory variables
The averages and standard deviations for both timeseries and cross-sectional correlations between explanatory variables and future returns are displayed in Table 2 , for each of the explanatory variables as defined in the previous section. We also include the mutual correlations amongst the respective explanatory variables.
To allow comparative assessment of the stability of both correlation measures a column is added to display the average correlation coefficient normalised with respect to standard deviation of the correlation coefficient over time.
Firstly we compare the nature of the relationship between the explanatory variables and future stock returns as reflected in Table 2 with relationships identified in earlier JSE studies. MC has a consistent negative relationship with future returns, which is consistent with the earlier reports of Klerck and Maritz (1997) , Van Rensburg and Robertson (2003) and of Basiewicz and Auret (2009) on the size effect. This phenomenon is slightly more significant for crosssectional than for time-series correlations, which could be expected, as the change in MC over time for most shares is much smaller compared to cross-sectional differences in MC. The value effect as reported by Plaistowe and Knight (1986), Fraser and Page (2000) and Graham and Uliana (2001) is confirmed given the positive correlations between B/M and future returns (for all but 12 month cross-sectional correlation that is very close to zero). In this case time-series correlations are somewhat larger than cross-sectional correlations, indicating that the value effect is not only present between different stocks, but also manifests itself for individual stocks as their respective B/M values changes over time.
The negative correlation between NS and 12 month future stock returns confirms the earlier results of Bhana (2007) regarding the positive relationship between stock repurchases and subsequent returns, as NS will assume a negative value for stock repurchases. In this case the time-series correlation is double that of the cross-sectional correlation for 12 month returns, indicating that, compared to their own historic performances, stocks are specifically penalised subsequent to net stock issues and rewarded subsequent to stock repurchases.
Momentum displays a small but positive correlation with respect to future returns, indicating that recent good returns tend to persist over the subsequent 12 month period; the relatively weak correlations, and the fact that the 1 month cross-sectional correlations are similar in size compared to the 12 month crosssectional correlations is indicative that for many stocks the period of returns persistence may be less than 12 months. The fact that the cross-sectional correlations with 12 month returns are significantly smaller compared to the time-based correlations indicates that Momentum may be less useful for stock selection than what would have been anticipated based on the timebased correlations when viewed in isolation.
It can furthermore be observed that the relationships between the respective indicators and future returns vary substantially over time: for all of the indicators, with the exception of MC (for both correlation types) and B/M and dA/A (for time-based correlations), the normalised average correlations have absolute values that are substantially smaller than one. This indicates that MC should be the most consistent indicator for above average returns, which is in line with prior research (Fama and French, 2008) , while the other indicators could be expected to possess less predictive power.
Comparing the columns for Ret1_p1 with those for Ret12_p12 it is clear that in most cases stronger correlations are obtained for 12 month future returns compared to 1 month future returns, even though Ret12_p12 predicts returns much further into the future than Ret1_p1. It would therefore appear that, while most of the correlations are relatively small, the correlations that are observed are fairly consistent over the 12 month prediction period, as the accumulation of the correlated behaviour tend to add up over time, while the same integration process has the effect of cancelling out some of the uncorrelated 'noise' factors that also impact returns, resulting in a net increase in correlation coefficients. One interesting exception to this phenomenon is Momentum, where the crosssectional correlation with Ret1_p1 is slightly larger than with Ret12_p12. As Momentum uses return information over the 12 months preceding the current point in time, this seem to imply that the majority of stocks do not maintain their return momentum over the full 24 month period over which the correlated parameters are calculated, possibly indicative of mean-reverting behaviour starting to occur.
Another noteworthy observation is that, while the timebased correlations are mostly smaller in magnitude compared to the cross-sectional correlations, in all cases but three (B/M and dA/A for 12 month returns and Accr for both types of returns) the two types of correlation always have the same sign (i.e. both are either positive or negative), confirming that the relationships between future returns and the respective indicators that are uncovered seem to be consistent.
Should these indicators be used to build a multi-variate prediction model the correlations between the respective indicators would be of interest, as one would normally not include predictors that display a high degree of correlation with each other into the same model. The cross correlations were therefore calculated between all candidate predictors, as displayed in Table 2 . As could be expected MC and B/M are significantly negatively correlated (due to the fact that Market Capitalization per Share appears below the line in B/M) -care should therefore be taken regarding the inclusion of these two into a single model. Most other indicators display low levels of mutual correlation, and hence should not present any problem when being combined into the same model. The two notable exceptions are the strong negative correlations between NS and Accruals as well as between NS and dA/A. This would seem to indicate that companies issuing new shares are also experiencing deterioration in their asset base and therefore need additional share capital to balance this effect, which could help explain why the market in general reacts negatively to net share issues.
While the above linear correlations provide useful indications of predictive ability, it must be kept in mind that correlation reflects changes in parameter values across the entire range of values that each parameter may assume. Should these parameters be used as basis for stock selection, and assuming that any practical portfolio will only contain a small fraction of the total number of available stocks, the stocks to be selected are likely to be the ones displaying extreme behaviour with respect to those indicators that are the most strongly correlated (positively or negatively) with future returns. It could therefore be expected that extreme stock behaviour will be more relevant for the purpose of optimal stock selection than average behaviour over the entire range. This aspect is further investigated in the section on sorted stock returns.
Cross-section regression analysis
In this section we compare the results from the crosssection regression analysis with the correlation results, with the results of FF as well as, where relevant, with earlier JSE studies. , and Accr (-9,7 vs -2,72), while for NS the negative tstatistics is much smaller on the JSE compared to the NYSE. The only variables for which the sign of the tstatistic is reversed, compared both the FF and the correlation analysis, is NS (13,6 vs -8,59) and dA/A (7,7 vs -7,37), but based on the correlation analysis these are also two of the weaker explanatory variables.
The possibility was investigated whether the few conflicting observations compared to the results of FF may have resulted from the presence of more prominent explanatory variables included into the same regression model with less prominent ones. In order to determine the impact of MC and B/M on the regression coefficients for the remaining variables we investigate the regression coefficients that are obtained when including only NS, Momentum, Accr, dA/A and Y/B as explanatory variables. These results are displayed in Table 3 (b).
It can be seen that, when MC and B/M are excluded from the model, the t-statistic for NS becomes less positive for All and Big stocks and turns negative for Small and Micro stocks, compared to the 7 factor model. This is however still significantly different from the results of FF, where significantly negative results were obtained for all size groups. This anomaly will be further investigated in section 4.4 below when we discuss sorted returns.
Similarly in the case of dA/A the 5 factor regression model reduces the positive regression coefficients obtained above for the 7 factor model regression coefficient for all size categories; for all stock categories the sign of the regression coefficient, however, remains positive, which is in contrast with the results of FF.
It is important to determine which of the observed relationships are pervasive across all size groups and which relationships are limited to specific size categories. For this purpose regression models were extracted for each size group (Big, Small and Micro) separately. These results also appear in Tables 3 (a) and (b It was not possible to directly compare the above results for the size groups with any earlier results reported for JSE stocks, as none of the previous studies included a similar breakdown of stocks into size groups. The degree to which the explanatory power of the respective variables is retained (or not) across size groups can therefore be seen as one of the unique contributions of this paper.
In general it can be stated that with respect to MC, B/M, Momentum and Y/B the regression analysis corroborates the results from the correlation analysis as well as those from earlier studies: all of these indicators display statistically significant relationships with 12 month ahead returns and the sign of the relationships seem to be stable across different stock size categories (with the exception of B/M for Small and Y/B for Big stocks). For the other indicators the results are less clear: not only are the regression coefficients in general less significant in value, but also the different size groups are observed to display different types of behaviour with respect to these explanatory variables.
Further insights can be derived from the regression analysis by investigating the regression residuals resulting from the above exercise. The regression residuals are obtained by subtracting actual returns from modelled returns. If the relationships between future returns and the respective indicators are close to linear, one would expect the residuals to randomly vary in a more or less uniform pattern across the entire range of indicator values. Should that however not be the case, one can expect to observe a specific pattern present in the residuals that may be indicative of a more complex underlying relationship than assumed by the linear regression analysis.
In order to investigate this possibility the residuals obtained from the regression analysis were sorted in terms of the values of each of the explanatory variables used in the regression. Within each sorted category and for each explanatory variable (for the purpose of direct comparison with the results of FF we also used 5 sorted categories) the average value and standard deviation of the regression residuals as well as the t-statistic of the average were calculated. These results are displayed in Table 4 . The first results that are displayed are residuals sorted based on the predicted return values, using the regression model for predicting future returns. It can be seen that for low predicted values the actual returns were substantially lower than the linear regression predicted values (t-statistic of -3,0), while at the high end of the range actual returns were significantly higher than the linear prediction (t-statistic of 11,3). This provides a clear indication that the linear model does not fully describe the impact of the indicator variables on future returns, and that a nonlinear model may potentially capture these relationships more accurately.
When the same phenomenon is studied for the individual indicators the observations are similar; e.g. in the case of MC (that is negatively correlated with future returns) the residuals are negative at the low end of the MC range (where returns tend to be high) and positive at the high end of the range (where returns tend to be low), indicating that the actual relation between MC and returns tend to bend upwards and downwards respectively from a linear relationship at the two ends of the MC range. In the case of B/M and Momentum, that are positively correlated with future returns, a similar effect is observed, once again with a statistically significant trend of residual values across the respective sorted categories. Overall it would appear that it may be a worthwhile exercise to experiment with a model that allows for a moderate degree of nonlinearity in the relationships between explanatory variables and future returns. To the best of our knowledge no previous results indicative of inherently nonlinear relationships between explanatory variables and future returns have been reported for JSE stocks.
The above results for regression residuals can be viewed as an extension of the earlier results of Basiewicz and Auret (2010), who demonstrated that a three factor model including the size effect, value effect and a market factor could be used to model cross-sectional return differentials. Basiewicz and Auret also found that some size effects remained after extracting the three-factor model, which is indicative of a possible non-linear relationship between returns and the explanatory variables.
Evaluating predictors based on sorted returns
The results reported in this section more or less follows the same formats as used by FF, with the addition of data on risk measures applied to the returns data as explained below. Table 5 displays the values of sorted returns for the above set of explanatory variables, as well as the tstatistics for sorted returns. Both equally weighted and value weighted returns were calculated as described in the section on Research Methodology. To allow the evaluation of sorted category returns on a riskcompensated basis we include the Sharpe and Treynor risk measures in each case.
In addition to the sorted category returns the value and t-statistic of the hedge portfolio returns (difference between the returns of the highest and lowest sorted return categories) are also calculated for each sorting parameter, as displayed in Table 6 . Should the explanatory variable be positively (negatively) correlated with future returns a long position will be taken for stocks in category 5 (category 1) and a short position taken for stocks in category 1 (category 5). The hedge portfolio returns can be viewed as a summary measure of the potential value of the explanatory variable for the compilation of portfolios that will outperform the market. To allow a comparison between sorted returns for the four stock categories (All, Big, Small and Micro) we also include Table 7 that displays for each stock category the t-statistics of average sorted returns per explanatory variable. Once again the results are repeated using both equally weighted and value weighted returns.
As could be expected MC displays the most prominent extreme returns and corresponding t-statistics of all indicators. For the All stocks category the decrease in future returns with increase in MC is almost consistent across all sorted categories in the case of both equally weighted returns and value weighted returns. Tstatistics are specifically prominent in the lowest MC category (t-statistics of 17,3 and 29,4 respectively for EqW and ValW returns), but also significant in the highest MC category for EqW returns (t-statistics of -4,6). For ValW returns the values are somewhat different but still almost consistently decreasing across the sorted categories. It is clear that the lower sorted categories dominated by Micro stocks display by far the most extreme return behaviour. The negative relationship between MC and returns is however reversed for the last sorted category, where a small increase in returns is observed.
The substantial differences in t-statistics that are observed for the EqW and ValW measures of return can be explained as follows: as Micro stocks are the most numerous of all stock categories, they tend to skew the average return results towards the high side in the case of EqW returns, while, based on their large market cap, Big stocks dominate the average return value calculation in the case of ValW returns. At the same time the standard deviation of returns for the total population (which is used in the calculation of the t-statistics) tend to be higher in the case of EqW returns (due to the volatility of Micro stocks), whereas standard deviation comes out somewhat lower when using ValW returns (based on the relative stability of Big stock returns). This result in a lower absolute return value but higher t-statistic for the lowest MC category in the case of ValW returns compared to EqW returns, while the opposite is true for the highest MC category.
When studying the impact of MC within the respective size categories Micro, Small and Big, there is a strong relationship across most MC categories for Micro stocks as displayed in Table 7 . This relationship is however much weaker amongst the Small and Big stocks, where future returns do not consistently decrease across the size groups. The reversed relationship between MC and returns for the highest sorted categories in the case of All stocks can be studied more closely by observing the behaviour of MC for the sorted categories of Big stocks. It can be seen that there is no clear trend, either increasing or decreasing, across the Big MC sorted categories. The same lack of a strong relationship between MC and returns is also apparent for Small stocks. The relationship between MC and returns therefore seems to be largely restricted to Micro stocks. This important phenomenon is revealed neither by the correlation or regression analyses, nor by any of the earlier JSE studies on the size effect. To further demonstrate the usefulness of the sorted returns approach: in Table 7 it can be seen that for Small stocks the highest average returns are not earned by stocks falling the in the 1 st sorted MC category, as might have been assumed from the results of the correlation and regression analyses. It is therefore demonstrated that the sorted returns approach does not only measure the aggregate effect across all stocks, but also captures the more detailed behaviour of the relationship across specific stock categories. This can be of significant value to a portfolio manager when selecting stocks within specific size categories aimed at maximizing returns.
It is therefore clear that the size effect is dominated by Micro stocks, with only a weak size effect remaining if these stocks are excluded. This is an important observation regarding the practical value of MC as stock selection criterion, given that Micro stocks are of limited use for investors that manage substantial investment funds, due to the lack of trading volumes and small number of available shares for Micro stocks. For those investors that are in a position to exploit the high returns offered by Micro stocks it would be of interest to know to what extent these high returns are a result of high risk due to the volatile nature of Micro stocks. For this purpose we use the Sharpe and Treynor performance measures to obtain the riskadjusted returns for each sorted category. It is clear from the values in Table 5 that for both of these measures there is a more or less consistent increase in risk-adjusted returns from higher to lower MC categories, both for EqW and for ValW returns, confirming that even after adjusting for risk MC can be a useful indicator for abnormal returns. This effect is however much weaker in the Small and Big size categories (results not shown here). As the effect of MC is mostly confined to the Micro category its value for the larger investor is therefore limited, while small investors will have to deal with the negative impact of high trading costs applicable to small trades as well as potentially large bid-ask spreads and thin trading volumes. Further work is hence required before any confident statement can be made regarding the practical usefulness of MC for stock selection.
Amongst the remaining indicators B/M displays a positive relationship with future returns and high tstatistic in the extreme sorted categories, more prominently so for ValW returns compared to EqW returns, as well as positive hedge portfolio return, which is in line with the results of FF and others as observed on the NYSE, as well as with previous research for stocks listed on the JSE and with the results of the correlation and regression analyses. The most consistent relationship between B/M and future returns is observed using the ValW measure for returns. When including all shares the extreme tstatistics of the sorted category returns range from -7,3 for the lowest B/M category to 20,5 for the highest category. A strong relationship is also observed for the Big and Small size categories, where the extreme tstatistics range from -2,2 to 5,1 and from -6,1 to 3,7 respectively. In the case of Micro stocks the range is -1,1 to 7,0 but with less consistency in the relationship across the sorted categories.
The positive relationship between B/M and future returns, using EqW as return measure, is however reversed for the lowest All and Micro categories. This may be explained as follows: B/M is essentially an indicator that identifies value stocks. Many of the Micro stocks are however viewed as growth stocks for which market value far exceeds book value based on the expectation of abnormally high future growth rates. In the lowest B/M category this growth stock effect seems to dominate the value stock effect observed across other categories.
When adjusting for risk it can be seen that the positive impact of higher B/M values is not in any way negated by volatility related risk factors, as both the Sharpe and Treynor risk-adjusted ValW return measures display a consistent increase in performance with increase in B/M value for both All and Big stocks. These results, as well as the results with respect to MC, are thus in conflict with the findings of Robins et al. (1999) who could not demonstrate significant abnormal returns related to the size or value effects after compensating for risk.
The positive impact of Momentum is observed strongly across all size groups, with extreme t-statistics of -20,4 to 12,2 for All stocks, -8,3 to 5,0 for Big stocks, -4,0 to 5,3 for Small stocks and -0,7 to 4,5 for Micro stocks when using the ValW return measure. This is consistent with the results of FF as well as with earlier results on the JSE. In the case of net returns (i.e. where the impact of MC and B/M has been removedresults not displayed here) the strength of the relationship is only slightly reduced, with t-statistics varying across the sorted categories from -5,7 to 11,6 for All stocks, -0,5 to 3,9 for Big stocks, -4,7 to 3,6 for Small stocks and -4,5 to 2,4 for Micro stocks, again using the ValW return measure.
The increase in t-statistic moving from sorted Momentum category 1 to 5 within each size category is almost consistent when using the ValW return measure. More exceptions however occur when using the EqW return measure and for the lowest category of Micro stocks, where an increase in returns is observed from the second lowest to the lowest category. As could be expected this behaviour is also present in the lower EqW categories for All stocks, due to the dominating effect of Micro stocks for EqW returns. This indicates that the Micro cap stocks with the most negative Momentum display positive future returns, which can be viewed as a mean-reverting effect. Given the fact that in this paper both Momentum and future returns are measured over 12 month periods, it can be deduced that for Micro stocks the trends in return tend to be sustained for shorter time periods compared to larger stocks, and that the mean-reverting effect that has been widely observed amongst stocks in general may have a shorter reversion period for Micro stocks.
Risk-adjusted returns for All stocks according to both the Sharpe and Treynor performance measures display a uniform increase across the sorted Momentum categories when using ValW returns and almost a uniform increase when using the EqW return measure (the only exception being the decrease when moving from category 1 to 2), confirming that Momentum related excess returns is not explained by risk alone.
As regards the other fundamental indicators also studied by FF the observations are mostly in line with the correlation and regression analyses of the previous sections; in cases where conflicting results are obtained the sorted returns often provide more insights into the reasons for differences:
 NS displays a weak negatively correlated relationship with returns; when including all size categories and using the ValW return measure the abnormal sorted returns are statistically significant in the extremes in terms of the respective tstatistics; the effect is however substantially weaker than for any of MC, B/M or Momentum. The extreme category t-statistics are slightly reduced for net returns (2,9 and -3,1) compared to nominal returns (3,5 to -4,3) but is still statistically significant.
When studying the NS behaviour within the size categories, it is interesting to note that, using EqW returns, the NS effect as measured in terms of extreme category t-statistics is by far the strongest in the Micro category, both in terms of nominal (13,8 to -3,0) and net (8,0 and -3,8)  A similar situation exists in the case of dA/A. For All stocks, with the exception of category 1, a positive relationship is observed across the remaining size categories when ValW is used as return measure (which is dominated by Big stocks), but this is reversed when using the EqW return measure (which is dominated by Micro stocks). In line with this result the relationship is positive within the Big and Small categories and negative in the Micro category. This is also in line with the negative cross-sectional correlation coefficients with respect to dA/A (which are equally weighted). It would therefore appear that Big and Small stocks are in general rewarded for growth in assets, but that this does not play the same role for in the case of Micro stocks, where the relationship in fact seems to be the opposite. This is also in line with the finding of Bhana (2008) that firms are rewarded for announcing large capital expenditure projects, as it will mostly be firms in the Big category that will make such announcements.
SUMMARY AND CONCLUSIONS
Based on the empirical results reported in the previous sections it can be stated that this study provided further conclusive evidence against the EMH; as a result we can reject the null hypothesis that the set of explanatory variables included in this study cannot be used in the construction of portfolios that will on average generate abnormal returns. This is supported by the fact that several of the explanatory variables, including MC, B/M, Momentum, and to a lesser extent Y/B and NS, produced hedge portfolio returns that are significantly different from zero after compensating for risk.
When comparing our results representing stock behaviour on the JSE with those of Fama and French (2008) as observed on the NYSE, it can be stated that behaviour on the JSE associated with the four most prominent explanatory variables as identified above is in general similar to what is observed on the NYSE. Some differences are however observed within specific size categories as discussed above.
Before arriving at any final conclusions regarding the suitability of the different techniques that were employed to study these relationships, we need to critically compare the results as produced by the three different approaches. This will be done by first considering those explanatory variables for which the results produced by all techniques corresponds, and then by investigating those variables for which the results seem to be in conflict.
In the case of the three most significant explanatory variables (MC, B/M and Momentum) the case is clearcut: all three techniques produce similar results with consistent relationships across all size groups; there are however distinct differences with respect to the level of statistical significance of these relationships between different size groups:
 There is a negative relationship between future returns and MC, which is the strongest in the Micro size category; even within the Micro category this phenomenon is the strongest for the lowest MC category and for equally weighted returns, which is dominated by the large number of very small stocks. While the MC based hedge portfolio returns of more than 4% per month (based on the EqW return measure) appears to be very attractive, the restriction of this phenomenon to very small stocks casts doubts on the degree to which MC can be practically exploited to earn significant superior returns for any but small investment portfolios. It was furthermore observed that the size effect is not uniform within the nonMicro size categories.
 A positive relationship exists between future returns (based on the ValW return measure) and B/M, which is consistent not only across all size groups, but also across all B/M sorted categories, and which persists after compensating for risk, confirming earlier evidence regarding the superior returns earned by value stocks compared to growth stocks. The B/M phenomenon is least significant for Micro stocks but very significant in the Small and Big size categories, making it a more useful relationship to exploit compared to MC, as the positive relationship with future returns specifically exists for those stocks that can make up the bulk of large investment portfolios. A B/M based hedge portfolio returns approximately 2,2% per month using ValW, and even when restricting the choice to Big stocks only it is still a healthy 1,5% per month.
 Momentum similarly has a positive relationship with future returns that is approximately equally significant across all size categories and across all Momentum sorted categories, with hedge portfolio returns ranging between 1,4 and 2,5% per month. The positive effect of Momentum also persists after compensating for the effects of MC and B/M and when compensating for risk, confirming earlier evidence of short term persistence in stock returns. The one exception is that for the lowest sorted category of Micro stocks the sign of the relationship was inverted, probably indicating that the mean reverting phenomenon for stock returns kicks in more quickly for smaller stocks.
For the remaining explanatory variables the case is not as clear-cut: results are either not uniform across all size groups, or in conflict between the different analysis techniques, or inconclusive in terms of statistical significance:
 In the case of NS a weak negative relationship with future returns was observed for the All and Micro size categories. Omitting MC and B/M from the regression model caused the NS coefficient to become more negative, in correspondence with the results from the correlation analysis and sorted returns. The sorted returns results however showed that the relationship between NS and returns in the Big and Small categories is nonlinear. It can therefore not be conclusively stated that stocks are in general penalized for issuing more shares. This relationship also weakens when compensating for risk. It is furthermore clear that caution should be applied when drawing conclusions from the parameters extracted for multivariate regression return prediction models, as the presence of more dominant variables (e.g. MC and B/M), as well as the inherent nonlinearity of the modelled relationships, may produce misleading results.
 In the case of Accr and dA/A there appears to be weak relationships but with opposite signs for Big and Small versus Micro stocks: whilst Big and Small stocks are rewarded for building assets Micro stocks are penalised. Careful studying of the different sorted category returns for both of these explanatory variables however shows that there is lack of consistency and statistical significance in their relationships with future returns across different sorted categories. It must therefore be concluded that whatever relationship may exist is not consistent over time and most likely not sufficiently strong to be exploited.
 Y/B, which provides an indication of the profitability of stocks, displays a weak positive relationship with future returns which remains after compensating for the effect of MC and B/M; the phenomenon however largely disappears after compensating for risk. When excluding Micro stocks the Y/B effect is however more consistent, persisting after compensating for MC and B/M as well as for risk, with a hedge portfolio return of 1,7% for Small stocks but only 0,49% for Big stocks. It confirms that profitability does play a role in the evaluation of larger stocks, and that the effect is strong enough to be exploited in practical portfolios. The highest returns for Big stocks may however not appear in the highest Y/B sorted categories; this may be due to the over-pricing by the market of stocks with consistently high profitability levels.
The discussion above demonstrates that both correlation and cross-section regression analysis can provide misleading results when used on their own, depending on the set of variables included in the regression model, and that this can be partly attributed to correlations amongst the explanatory variables. Calculating the returns for sorted categories provides more detailed insights both regarding the nature as well as the statistical significance of the relationships between explanatory variables and future stock returns: it reveals what happens within each sorted category, whilst both correlation and regression analysis only display the aggregate effect of the respective relationships.
With respect to differences in behaviour between the different size categories it can be stated that the size categories behaves similarly only with respect to two of the most prominent explanatory variables (B/M and Momentum). With respect to the other explanatory variables many differences are observed, some of these similar to what is observed on the NYSE and some quite different.
It is also noted that when using equally weighted returns, the combined results for all stocks are usually dominated by Micro stocks, whereas Big stocks tend to dominate when using value weighted returns. Care should therefore be taken by a practitioner regarding the selection of the most appropriate measure for portfolio returns within a specific set of circumstances.
In conclusion is can be stated that our results are generally in line with previous results published on the behaviour of JSE listed shares as far as the size effect, the value stock effect and persistence of returns in the short run are concerned. It is found that stocks are weakly penalized for issuing more shares and that firm profitability is rewarded but only weakly so. Regarding accruals and asset growth different behaviour is observed in different size categories: larger stocks are rewarded but smaller stocks tend to be penalized for building assets.
While not exactly identical to, it can be stated that our results are in general consistent with the results obtained by Fama and French (2008) for stocks listed on the NYSE: the statistically more significant results confirm the findings of Fama and French, whereas differences are observed with respect to the less significant results.
In general this study provides further evidence against accepting the EMH in its strong or semi-strong form, as the information used is all publicly available. The fact that in several cases anomalous return performance is still present after compensating for risk provides proof that the explanatory variables that were investigated cannot all be viewed as proxies for some form of risk that would justify the observed stock return differentials. It is also demonstrated that the methodology as used in this work is of practical use both to verify the validity of the EMH within specific markets, as well as in the evaluation of the predictive value of specific fundamental indicators that can assist in the compilation of stock portfolios that can outperform the market on a risk-adjusted basis.
